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Abstract
Background: Health, as defined by the WHO, is a multidimensional concept that includes different aspects. Interest
in the health conditions of the oldest-old has increased as a consequence of the phenomenon of population
aging. This study investigates whether (1) it is possible to identify health profiles among the oldest-old, taking into
account physical, emotional and psychological information about health, and (2) there are demographic and
socioeconomic differences among the health profiles.
Methods: Latent Class Analysis with covariates was applied to the Mugello Study data to identify health profiles
among the 504 nonagenarians residing in the Mugello district (Tuscany, Italy) and to evaluate the association
between socioeconomic characteristics and the health profiles resulting from the analysis.
Results: This study highlights four groups labeled according to the posterior probability of determining a certain
health characteristic: “healthy”, “physically healthy with cognitive impairment”, “unhealthy”, and “severely unhealthy”. Some
demographic and socioeconomic characteristics were found to be associated with the final groups: older nonagenarians
are more likely to be in worse health conditions; men are in general healthier than women; more educated individuals
are less likely to be in extremely poor health conditions, while the lowest-educated are more likely to be cognitively
impaired; and office or intellectual workers are less likely to be in poor health conditions than are farmers.
Conclusions: Considering multiple dimensions of health to determine health profiles among the oldest-old could help to
better evaluate their care needs according to their health status.
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Background
Currently, the world’s population is aging, and the num-
ber of oldest-old people is increasing considerably [1, 2].
For most developed countries, the share of nonagenar-
ians in Italy increased by approximately 23 times in the
last 70 years (from 0.06% in 1950 to 1.37% in 2020) and
is expected to continue growing during the next several
years, according to the World Population Prospects [3],
reaching 3.27% in 2050. Consequently, a greater demand
for medical care might be expected from this segment of
the population. According to the Italian General State
Accounting Department, people aged 65 and above had
higher per capita medical expenditures in 2018 [4]. For
this reason, it is becoming increasingly important to be
able to appropriately measure the health of elderly adults
as well as that of the oldest-old people [5] and under-
stand which factors are related to so-called “healthy
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aging”. This has been performed extensively among less
older people in recent decades. However, as a conse-
quence of the increasing number of oldest-old people in
Western societies and their health characteristics and
needs, it is only in recent years that studies focusing on
the oldest-old have been conducted, aiming to under-
stand the potential drivers of good health conditions at
extremely old ages [6–10]. These studies have always fo-
cused on a specific dimension of health, such as cogni-
tion, physical and functional status or morbidities.
However, health care needs are the result of a complex
system of diseases, syndromes or health characteristics
that cannot be described by a single dimension of health
[11–14]. To consider the multidimensionality of individ-
ual health status, it is necessary to exploit a person-
centered approach that is based not on the relationships
among variables but rather on the characteristics of the
individuals. This approach allows people to be distin-
guished into groups by taking only their individual char-
acteristics into account [11, 13].
To capture the heterogeneity of health status and
evaluate the social disparities among individuals, re-
searchers suggest the use of latent class analysis (LCA)
as a person-centered approach [11–13]. LCA is a subset
of structural equation modeling suitable for addressing
multidimensional concepts, as in the case of health, to
find groups of cases with similar characteristics in multi-
variate categorical data. The use of LCA in population
health studies is extensive, with applications that vary
from younger [15] to older individuals and elderly people
[12–14, 16–24]. Some scholars used this approach to
identify profiles of health by considering functional, cogni-
tive and psychological indicators [12–14, 16, 17, 22], with
some evaluating socioeconomic differences among the
health profiles [12, 13, 17, 22] and others predicting the
health care expenditures of people belonging to different
groups [14, 16]. Other researchers have applied a person-
centered approach to identify profiles within a single as-
pect of health, such as morbidities [15, 19, 25], physical
status [21], and depression [20], by considering several
outcomes of the same health dimension. According to the
existing literature, LCA could be used to identify groups
of individuals requiring specific forms of health care and
to predict their health care needs and expenditures. This
approach could also help policymakers understand which
groups of people to target with their interventions. The re-
cent COVID-19 pandemic has again highlighted, espe-
cially in Italy, how vulnerable people are, such as the
oldest-old and multichronic patients, which are groups
that merit greater health policy focus [26].
It is also well documented that among elderly adults,
demographic and socioeconomic characteristics influ-
ence health status and, consequently, health care needs
and utilization [13, 27, 28]. Fewer researchers have
evaluated this relationship among extremely old people,
suggesting the persistence of social disparities in health,
even in the last stages of life [29]. Gender, education and
income were found to be associated with different health
outcomes among the oldest-old individuals, prompting
further investigation in this direction [6, 29–32]. Evalu-
ating the existence of a demographic and socioeconomic
gradient in health among the oldest-old population
could drive the attention of policymakers toward people
who need interventions.
Despite the recognized advantage of using a person-
centered approach for capturing the heterogeneity of
health among elderly people, there is still not much evi-
dence relating to health profiles among the oldest-old
and the extremely-old populations [33]. To fill this gap
in the literature, we analyzed data from the Mugello
Study [34], which included 504 nonagenarians from a
rural area in Tuscany (Italy) called Mugello. Our aim is
to determine whether it is possible to classify oldest-old
people according to their multidimensional health status,
defined by physical, cognitive and psychological health,
to help in choosing the best care needed by this growing
segment of the population. Furthermore, we investigate
whether there are demographic and socioeconomic dif-
ferences among their health profiles, fueling the debate
on social disparities in health in the last stages of life.
Methods
Study population and measures
The study population comes from the Mugello Study
[10], which aimed to evaluate the aging process, focusing
on different health aspects among nonagenarians living
in 9 of the 11 municipalities of the Mugello area in Tus-
cany (Italy). It comprised 504 individuals representing
approximately 65% of all nonagenarians living in that
geographical territory in 2012. The participation rate
was 69% after the exclusion of potential participants
who died before being interviewed or who were not
found. More information about the study design and
survey methods is available in Molino-Lova et al. [10].
Much information about the individual health condi-
tions of nonagenarians has been collected. For some of
the health tests, it was not possible to assess the health
status of several patients. Individuals who were not
tested due to their (very) poor health conditions were
categorized as nontestable. Being nontestable is consid-
ered the worst health condition for each of the variables,
including this category. Variables have been categorized
according to the existing literature. Cognitive function
was measured according to the Mini-Mental State
Examination (MMSE): the higher the score (0–30), the
better the cognitive status is [35]. MMSE scores were di-
vided into three categories to distinguish people with se-
vere (0–17), mild (18–23), and no cognitive impairment
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(24–30) [36]. Functional status was assessed according
to the ability to perform five of the activities of daily living
(ADLs) (eating, dressing, bathing, toileting, transferring)
[37]. The number of ADLs that people could manage in-
dependently was used to distinguish between the non- (0),
semi- (1–4), and fully-autonomous (5) oldest-old individ-
uals [38]. Mugello’s nonagenarians were classified as
disease-free (0), single-disease (1), and comorbid (2+) ac-
cording to the number of chronic diseases (cardiovascular,
neurological, pulmonary, connective tissue, gastroentero-
logical, endocrine, renal, oncological, immunodeficiency
syndrome) reported. The Geriatric Depression Scale
(GDS) was used to evaluate depression status: the higher
the score (0–15), the higher the level of depression is [39].
GDS scores were divided into three categories to distin-
guish nondepressed (0–4), depressed (5–15), and nontest-
able individuals [40]. Self-rated health status was assessed
using the Italian version of the Short Form-12 question-
naire (SF-12) from which it was possible to obtain the two
synthetic indicators combining the 12 items together: the
Physical and Mental Component Summaries (PCS and
MCS) [41]. The PCS and MCS were divided into three
categories: those who scored higher (or equal) than the
average were considered to be in good health, those who
scored lower than the average were considered to be in
poor health, and nontestable individuals were considered
to be in the worst health. It was also possible to obtain the
global self-rated health (SRH) of the individual from the
SF-12, according to the first item of the questionnaire (in
general, you would describe your health status as…). It
was divided into three categories to distinguish among no-
nagenarians declaring excellent/very good/good health,
declaring acceptable/poor health and being nontestable.
The results are controlled for age (90–91, 92–94, 95+),
gender, education (0–2, 3, 4–5, 6+ years of education),
and main occupation during the working lifespan defined
according to the Italian National Institute of Statistics
(ISTAT) classification of jobs [42]: farmer; housewife; and
low-skilled (laborer or unskilled worker) or medium-
skilled (office, industry or intellectual worker) work.
Statistical analysis
Health is a complex state involving different aspects or
dimensions. To capture the heterogeneity of the health
status among the oldest-old individuals, we supposed
that Mugello’s nonagenarians could belong to unob-
served or latent classes according to their health charac-
teristics. For this purpose, we chose LCA, which aims to
group individuals into classes according to their indica-
tor patterns. Each class includes individuals with similar
characteristics that nonetheless differ from the charac-
teristics of those in other classes.
LCA was used to identify different health profiles ac-
cording to the health condition through the variables
described in the previous paragraph, controlling for
demographic and socioeconomic characteristics. LCA
with covariates is an extension of the basic LCA, permit-
ting the inclusion of covariates to predict an individual’s
latent class membership [43, 44].
We performed the LCA twice, including the same vari-
ables: once on the whole study population and once on
the subsample of testable individuals. Since we expected
to obtain in the first analysis a group populated by only
nontestable individuals, we excluded those people in the
second analysis to capture more heterogeneity in health
status for the remaining oldest-old individuals. The ef-
fect of the covariates has been estimated with the “one-
step” technique to obtain less biased coefficients: they
are estimated simultaneously as part of the latent class
model [45, 46].
Suppose a latent class model with C classes is to be es-
timated according to m categorical variables and a co-
variate x. Let Yi = (Yi1,…, YiM) be the vector of an
individual’s response to the M variables, where Yim = 1,
2, …, rm. Let ci = 1, 2, …, C is the latent class member-
ship of the individual to the class; let I(y = k) be the indi-
cator function that is 1 if y is equal to k and 0 otherwise;
and let λ be the probability of membership in each latent
class. Then, the latent class model can be expressed as
follows:










where λc(xi) = P(Ci = c| xi) is a standard baseline category
for the multinomial logistic model. In the case of one
covariate, λ can be expressed as the following:
λc xið Þ ¼ P Ci ¼ cjxið Þ ¼
exp β0c þ xiβ1c
 
1þPCj¼1 exp β0 j þ xiβ1 j
n o
for c = 1, …, C − 1, where C is the reference class in the
logistic regression. As a result, the log-odds of an indi-
vidual falling into latent class c relative to the reference






¼ β0cjc þ β1cjcxi
Multiple imputation was necessary to address missing
values (missing at random (MAR)) to avoid a loss of preci-
sion in the analysis. The K-nearest neighbor imputation
method has been used for its high performance with survey
data [47]. To obtain unbiased results, neighbors are found
considering all the variables available in the dataset except
those that are included in the models. Five neighbors were
considered to calculate the aggregated values to impute.
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Education, main occupation during the working lifespan,
MMSE score, ADLs performed, number of chronic dis-
eases, PCS and MCS were imputed. None had more than
7% missing values. More information about data imput-
ation is included in Table S1 in Additional file 1.
Statistical analysis was performed using R version 3.5.0
[48], VIM [49], and the poLCA package [46].
Results
The 504 participants included a high number of women
(369); the female/male sex ratio of 2.73 confirms the
higher longevity of women. The mean age ± standard
deviation was 93.1 ± 3.3 in the whole study population:
the men’s mean age (92.5) was lower than the women’s
mean age (93.3; t-test p = 0.01). Men were more edu-
cated (64.5% of males vs 46.1% of females completed
more than 3 years of school) but performed more phys-
ical jobs: 80% of males vs 52.6% of females were farmers
or low-skilled workers. Overall, men had better scores
on all the health measures considered in the analysis.
This result is partially explained by the sex-specific age
structure of the study population. Large gender differ-
ences were found in cognitive and functional status
(60.7% of males vs 37.1% of females were not cognitively
impaired; 61.5% of males vs 43.6% of females were au-
tonomous). The gap in the remaining health measures is
mainly due to the larger number of nontestable women
(Table 1).
Three latent classes were found when both the whole
study population and the subsample of testable individ-
uals were considered. This number was chosen accord-
ing to the “meaning” of the classes, together with the
Akaike Information Criterion (AIC) and the Bayesian In-
formation Criterion (BIC), whose values are shown in
Table 2. Every latent class has been labeled according to
the posterior probabilities (λ) of finding a certain charac-
teristic in the class, as shown in Table 3.
LCA performed on the whole study population re-
sulted in three health profiles. The first class is charac-
terized by a high probability of being autonomous (λ =
0.89), not depressed (λ = 0.81), not cognitively impaired
(λ = 0.78), perceiving good SRH (λ = 0.92), and having
values of PCS and MCS higher than or equal to the aver-
age (respectively, λ = 0.73 and 0.65). This class, labeled
the “healthy group”, includes 215 individuals (42.9% of
the whole study population). The second class is charac-
terized by a high probability of being semi−/not autono-
mous (respectively, λ = 0.47 and 0.44), cognitively
impaired (λ = 0.97), and not testable for depression (λ =
0.97) and SRH (λ = 1); consequently, PCS and MCS
were not testable (λ = 1 for both indicators). This class
has been labeled the “severely unhealthy group”. It in-
cludes 110 individuals (21.8% of the whole study popu-
lation), which encompassed almost all nontestable
nonagenarians according to the scales in analysis that
included this category (SRH, depression, PCS and
MCS). The third class includes nonagenarians with a
high probability of being semiautonomous (λ = 0.72),
mild/severely cognitively impaired (respectively, λ =
0.32 and 0.40), depressed (λ = 0.74), and having PCS
and MCS scores lower than the average (respectively,
λ = 0.74 and 0.66). Despite how they performed in the
objective health measures, they frequently declare a
better health status: λ = 0.43 for declaring good SRH
conditions is relatively high (poor SRH: λ = 0.57). For
this reason, the last class, composed of 179 (35.3%) in-
dividuals, has been labeled the “partially satisfied un-
healthy group”.
LCA performed on the subsample of testable individ-
uals also resulted in three health profiles. The first class
is characterized by a high probability of being autono-
mous (λ = 0.88), not depressed (λ = 0.82), not cognitively
impaired (λ = 0.83), reporting good SRH (λ = 0.91), with
PCS and MCS scores higher than or equal to the average
(respectively λ = 0.71 and 0.67). This class has been la-
beled the “healthy group”. It includes 202 individuals
(53% of the testable subsample) who were almost the
same individuals populating the “healthy group” result-
ing from the first analysis. The second class is character-
ized by a high probability of being semiautonomous (λ =
0.7), depressed (λ = 0.81), and reporting poor SRH (λ =
0.74), with PCS and MCS scores lower than the average
(respectively λ = 0.91 and 0.65). This group of 128 individ-
uals (33.3% of the testable subsample) has been labeled
the “unhealthy group”. The third group is characterized by
a high probability of reporting good SRH (λ = 1) and being
semiautonomous (λ = 0.60), mild/severe cognitive impair-
ment (respectively λ = 0.43 and 0.48), with MCS scores
lower (λ = 0.74) but PCS scores higher than or equal to
the average (λ = 0.88). Posterior probabilities for depres-
sion are similar: λ = 0.43 not-depressed vs λ = 0.57 de-
pressed. This group was labeled “physically healthy with
cognitive impairment”. It included 55 nonagenarians
(13.7% of the testable subsample). All the posterior prob-
abilities are reported in Table 3.
The first class has been labeled the “healthy group” in
both analyses: posterior probabilities followed a similar
pattern, especially in terms of (good) health status items,
as shown by the black and white circles in Fig. 1. The
second class of the analysis on the whole study popula-
tion was named the “severely unhealthy group” (see
black squares in Fig. 1). It was composed of almost all
the nontestable nonagenarians: individuals in the worst
health conditions. Excluding the nontestables for the
second analysis, many individuals populating the third
class moved to the second, resulting in an “unhealthy
group” with less extreme health characteristics. The con-
sequence of this exclusion was more evident for the last
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Table 1 Baseline characteristics of the nonagenarians from Mugello (2012)
Characteristics Gender P*
Male Female Total
n % n % n %
Study population 135 26.8 369 73.2 504 100
Age (m. sd) 92.5 2.8 93.3 3.4 93.1 3.3 < 0.001
Education (years)
0-2 16 11.9 49 13.3 65 12.9 < 0.001
3 32 23.7 150 40.7 182 36.1
4-5 63 46.7 142 38.5 205 40.7
6+ 24 17.8 28 7.6 52 10.3
Work (level#)
farmer 88 65.2 163 44.2 251 49.8 < 0.001
housewife 0 0.0 95 25.7 95 18.8
low 20 14.8 31 8.4 51 10.1
middle 27 20.0 80 21.7 107 21.2
Self-rated health
excellent/very good/good 84 62.2 191 51.8 275 54.6 < 0.001
acceptable/poor 34 25.2 85 23.0 119 23.6
not testable 17 12.6 93 25.2 110 21.8
Mini-Mental State Examination
24-30 82 60.7 137 37.1 219 43.5 < 0.001
18-23 24 17.8 75 20.3 99 19.6
0-17 29 21.5 157 42.5 186 36.9
Activities of Daily Living
5 83 61.5 161 43.6 244 48.4 < 0.001
4-1 44 32.6 158 42.8 202 40.1
0 8 5.9 50 13.6 58 11.5
Geriatric Depression Scale
< 5 77 57.0 141 38.2 218 43.3 < 0.001
≥ 5 40 29.6 130 35.2 170 33.7
not testable 18 13.3 98 26.6 116 23.0
Physical Component Summary
≥ average 75 55.6 130 35.2 205 40.7 < 0.001
< average 43 31.9 146 39.6 189 37.5
not testable 17 12.6 93 25.2 110 21.8
Mental Component Summary
≥ average 66 48.9 136 36.9 202 40.1 0.005
< average 52 38.5 140 37.9 192 38.1
not testable 17 12.6 93 25.2 110 21.8
Chronic diseases (number)
0 17 12.6 25 6.8 42 8.3 0.112
1 31 23.0 90 24.4 121 24.0
2+ 87 64.4 254 68.8 341 67.7
*Male vs Female from Pearson χ2 test or t-test as appropriate
#low: laborer or unskilled worker; medium: office, industry or intellectual worker
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(third) class obtained in both analyses. When consider-
ing all nonagenarians, we obtained the “partially satisfied
unhealthy group”, i.e., people mainly in poor health
conditions but not always declaring poor SRH. When
excluding the nontestable nonagenarians, some of the
individuals populating the third group obtained in the
previous analysis moved to the second group in the sec-
ond analysis. As shown in Fig. 1, the “partially satisfied
unhealthy group” (first analysis) and the “unhealthy
group” (second analysis) had similar posterior probabil-
ities for the (good) health status indicators, especially in
terms of functional and cognitive status. Within the
second analysis, 55 out of the 385 nonagenarians
composing the “physically healthy with cognitive im-
pairment group” had a higher probability of declaring
good SRH and obtaining a high PCS score than the
“healthy group”, but they had poor cognitive health,
sometimes had depression and were mainly semiau-
tonomous nonagenarians.
The results are controlled for age, gender, education,
and main occupation during the working lifespan
(Table 4). In the analysis on the whole of Mugello’s no-
nagenarians, older individuals and housewives are more
likely to be part of the “severely unhealthy group” in-
stead of the “healthy group” (92–94 vs 90–91: odds ratio
(OR) = 2.69; 95+ vs 90–91: OR = 7.25; housewives vs
farmers: OR = 2.19), while being more educated reduces
these odds (4–5 vs 3 years of education: OR = 0.49; 5+ vs
3: OR = 0.08). Being older also increases the odds of
Table 2 Model fit statistics for 2- to 6-class models
N. classes 2 3 4 5 6
Whole study population (n = 504)
AIC 5212.18 4861.80 7174.00 7145.64 7229.17
BIC 5372.64 5123.59 7537.14 7610.12 7794.99
Testable subsample (n = 385)
AIC 3696.26 3652.69 3627.05 4113.39 4168.96
BIC 3814.86 3850.35 3903.77 4469.18 4603.81
Note: AIC Akaike Information Criterion, BIC Bayesian Information Criterion
Table 3 Health status indicator probabilities (λ) per health status profile resulting from the two LCAs
Variable Item Whole study population (n = 504) Testable subsample (n = 385)
Latent class Latent class
1 2 3 1 2 3
n (%) 215(42.9%) 110 (21.8%) 179 (35.3%) 202 (53%) 128 (33.3%) 55 (13.7%)
Activities of Daily Living autonomous 0.89 0.09 0.22 0.88 0.23 0.38
semiautonomous 0.11 0.47 0.72 0.12 0.70 0.60
not autonomous 0.00 0.44 0.06 0.00 0.07 0.02
Geriatric Depression Scale not depressed 0.81 0.03 0.23 0.82 0.20 0.43
depressed 0.18 0.00 0.74 0.18 0.80 0.57
not testable 0.01 0.97 0.04
Mental Component Summary ≥ average 0.65 0.00 0.34 0.67 0.35 0.26
< average 0.35 0.00 0.66 0.33 0.65 0.74
not testable 0.00 1.00 0.00
Mini-Mental State Exam. 24-30 0.78 0.01 0.28 0.83 0.32 0.09
18-23 0.18 0.02 0.32 0.15 0.33 0.43
0-17 0.04 0.97 0.40 0.02 0.35 0.48
Number of chronic diseases 0 0.11 0.13 0.02 0.10 0.02 0.04
1 0.27 0.23 0.21 0.27 0.23 0.19
2+ 0.62 0.65 0.77 0.63 0.75 0.77
Physical Component Summary ≥ average 0.73 0.00 0.26 0.71 0.09 0.88
< average 0.27 0.00 0.74 0.29 0.91 0.12
not testable 0.00 1.00 0.00
Self-Rated Health excellent/very good/good 0.92 0.00 0.43 0.91 0.26 1.00
acceptable/poor 0.08 0.00 0.57 0.09 0.74 0.00
not testable 0.00 1.00 0.00
Empty items are due to the subsampling: not testable individuals are not included in the second analysis
For both analysis 1: “healthy group”; respectively 2: “Severely unhealthy group” and “Unhealthy group”; and respectively 3: “Partially satisfied unhealthy group”
and “Physically healthy with cognitive impairment group”
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being in the “partially satisfied unhealthy group” instead
of the “healthy group” (95+ vs 90–91: OR = 5.1), while
both being male and a middle-level (qualified office)
worker reduces it (male vs female: OR = 0.40; middle-
level worker vs farmer: OR = 0.43).
In the analysis on the subsample of testable individ-
uals, as for the last class of the previous analysis, being
older increases the odds of being in the “unhealthy
group” instead of the “healthy group” (95+ vs 90–91:
OR = 5.37), while both being male and a middle-level
(qualified office) worker reduces it (male vs female: OR =
0.44; middle-level work vs farmer: OR = 0.45). Finally,
being both older and less educated increases the odds of
being in the “physically healthy with cognitive impair-
ment group” instead of in the “healthy group” (92–94 vs
90–91: OR = 4.62; 95+ vs 90–91: OR = 9.03; 0–2 vs 3
years of education: OR = 8.02).
Discussion
To identify health profiles among nonagenarians from
Mugello (Tuscany - Italy), LCA was performed twice:
first on the whole study population and then on the sub-
sample of testable individuals, with nonagenarians in the
“extreme” (worst) conditions having been excluded from
the analysis. Removing these individuals from the ana-
lysis allowed us to capture more heterogeneity of health
among the remaining oldest-old, especially among those
with poor health that were hidden by the nontestable
individuals.
In both analyses, three classes were identified, result-
ing in a total of four different health profiles within the
two LCAs performed, each labeled according to the pos-
terior probabilities of finding certain health characteris-
tics in them. Other researchers who looked at health
profiles among elderly people by considering their phys-
ical, cognitive and psychological status found two to six
classes [11–13, 17, 22]. In particular, other researchers
could distinguish between a larger number of classes
(four to six) [11, 13, 17, 22], except for Ng et al. (2014),
who identified only two profiles [12]. The fact that we
found four health profiles within the two analyses means
that, even at extremely old ages, there is still heterogen-
eity in the health conditions of the individuals. LCA
allowed us to take into account the multidimensionality
of health by including several health measures in the
analysis. Having a larger study population could have
helped to find the four profiles within a single LCA.
The “healthy group” (a), identified in both analyses
and composed of almost the same individuals, and the
“unhealthy group” (c), resulting from the second ana-
lysis, are consistent with other scholars’ findings among
younger adults, including information on sensory health
and specific chronic diseases [11, 16] or quality of life
and wellbeing [17]. Additionally, among nonagenarians,
it was possible to find the two extreme groups of people
in overall good and poor health. The “severely unhealthy
group” (b), resulting from the first analysis, confirms that
nontestable individuals are a stand-alone group of
Fig. 1 (Good) health status item probabilities (λ) per health status resulting from the two latent class analyses (LCAs). Note 1: Class 1: “Healthy
group”, for both first (a) and second (b) LCAs; Class 2 for LCA-A: “Severely unhealthy group”, for LCA-B: “Unhealthy group”; Class 3 for LCA-A:
“Partially satisfied unhealthy group”, for LCA-B: “Physically healthy with cognitive impairment group”. Note 2: ADLs: Activities of Daily Living; MCS:
Mental Component Summary; PCS: Physical Component Summary; Positive self-rated health: excellent/very good/good self-rated health
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people who, because of their extremely bad health con-
ditions, cannot be tested on their health status. The
“physically healthy with cognitive impairment group”
(d), i.e., individuals with good self-rated health and phys-
ical condition but bad cognitive status, is similar to what
Lafortune et al. (2009) called the “cognitively impaired
group” in their paper on the Canadian elderly, where the
authors did not include information on the perception
of health [11]. However, this result is at odds with what
Zammith and colleagues found in 2012, in terms of self-
perceived health, among the Lothian Birth Cohort 1936
“good fitness/low spirit group” [11, 17]. It is known that
one of the factors influencing the assessment of health
among Italian elderly people is their physical status [50].
It is possible that, even at extremely old ages, physical
health plays an important role in the self-assessment of
health status. However, this could also be the result of
the poor cognitive status of individuals populating the
“physically healthy with cognitive impairment group”.
Certain demographic and socioeconomic characteris-
tics were found to be associated with being part of some
of the latent classes found. In this study, it is not
possible to evaluate the health deterioration itself, but
even at extremely old ages, being older results in having
a higher probability of being in worse health. This sug-
gests the need for further investigation on the health
deterioration process among the oldest-old as it is com-
monly performed on the younger-old [51–53]. Males
have a lower probability of being in worse general health
conditions, confirming the so-called “gender paradox”
also exists among the oldest-old: men are healthier than
women at older ages [6, 29, 31, 54]. The level of educa-
tion is known to be associated with cognitive health in
later life. Researchers analyzing English and Finnish no-
nagenarians show how this relationship still persists at
extremely old ages [29, 32, 55]. In the present study,
more educated nonagenarians are less likely to belong to
an “unhealthy group”, while being less educated in-
creases the probability of being among the cognitively
impaired. These results are similar to those found in
younger-elderly profiles [12, 13]. Working experience is
also associated with health conditions, showing different
results. In line with the existing literature, a person who
was a nonmanual (office) worker had a lower probability
Table 4 Odds ratios of demographic and socio-economic characteristics for the health profiles
LCA Whole sample (n = 504) Testable subsample (n = 385)
Variable Item Coefficient OR Std. error t value Pr (>|t|) Coefficient OR Std. error t value Pr (>|t|)
2 vs 1 2 vs 1
(Intercept) −0.88 0.41 0.33 −2.64 0.01 −0.29 0.75 0.33 −0.87 0.38
Age class (ref. 90-91) 92-94 0.99 2.69 0.34 2.92 0.00 0.10 1.11 0.38 0.27 0.79
95+ 1.98 7.25 0.37 5.38 0.00 1.68 5.37 0.37 4.55 0.00
Sex (ref. female) male −0.85 0.43 0.38 −2.24 0.03 −0.82 0.44 0.35 −2.32 0.02
Education (ref. 3 years) 0-2 −0.60 0.55 0.46 −1.31 0.19 0.49 1.64 0.52 0.94 0.35
4-5 −0.72 0.49 0.32 −2.24 0.03 − 0.31 0.74 0.34 −0.89 0.37
6+ −2.59 0.08 0.98 −2.65 0.01 −0.99 0.37 0.74 −1.33 0.19
Work (ref. farmer) housewife 0.78 2.19 0.39 2.00 0.05 −0.20 0.82 0.50 −0.41 0.69
low level 0.05 1.05 0.50 0.10 0.92 0.08 1.08 0.44 0.17 0.87
middle level −0.09 0.92 0.40 − 0.22 0.83 − 0.79 0.45 0.42 −1.89 0.06
3 vs 1 3 vs 1
(Intercept) −0.14 0.87 0.31 −0.45 0.65 −2.44 0.09 0.70 −3.51 0.00
Age class (ref. 90-91) 92-94 0.21 1.24 0.33 0.66 0.51 1.53 4.62 0.66 2.32 0.02
95+ 1.63 5.10 0.34 4.83 0.00 2.20 9.03 0.68 3.25 0.00
Sex (ref. female) male −0.92 0.40 0.32 −2.88 0.00 −0.50 0.61 0.73 −0.68 0.49
Education (ref. 3 years) 0-2 0.30 1.35 0.42 0.71 0.48 2.08 8.02 0.74 2.82 0.01
4-5 −0.24 0.79 0.31 −0.77 0.44 −0.65 0.52 0.63 −1.03 0.30
6+ −0.46 0.63 0.54 −0.85 0.40 0.89 2.43 1.06 0.84 0.40
Work (ref. farmer) housewife 0.11 1.12 0.40 0.29 0.78 0.97 2.65 0.63 1.54 0.12
low level 0.06 1.06 0.42 0.14 0.89 −0.80 0.45 1.09 −0.73 0.47
middle level −0.85 0.43 0.38 −2.26 0.02 −1.15 0.32 0.94 −1.22 0.23
For both analysis 1: “healthy group”; 2; respectively 2: “Severely unhealthy group” and “Unhealthy group”; and respectively 3: “Partially satisfied unhealthy group”
and “Physically healthy with cognitive impairment group”
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of being in bad health condition at older ages compared to
someone who worked as a farmer [56, 57]. Housewives
were more likely to be in the worst health conditions, simi-
lar to study findings among Finnish nonagenarians [29].
This study has public policy implications that need to
be noted. Even among nonagenarians, individuals are
heterogeneous in terms of health. To capture this het-
erogeneity by taking into account several dimensions of
health, it is necessary to apply a suitable methodology.
LCA has been widely used for this purpose, and policy
makers should take advantage of it to identify heteroge-
neous groups of individuals to target with their interven-
tions [11–14]. Analyzing different health dimensions at
the same time allowed us to distinguish between the
most vulnerable individuals with several health problems
and those individuals with dimension-specific health def-
icits. According to our results, it is likely that people
with poor physical health also have cognitive impair-
ment, resulting in complex care needs. However, cogni-
tively deteriorated individuals may be in good physical
and functional status, requiring a different (specific) type
of health assistance. Furthermore, health profiles were
associated with socioeconomic status, showing that even
among the oldest-old, the well-known socioeconomic
gradient of health persists. As pointed out by Ng et al.
(2014), this should suggest policy makers drive their in-
terventions to the less advantaged groups of the popula-
tion [12]. Other researchers evaluated the health care
needs and expenditures among Taiwanese elderly people
[14, 16], showing how they differ among the health pro-
files that they identified. Being able to distinguish be-
tween groups of people with different health care needs
is extremely important for reducing the excess of health
expenditure that may result from not considering it
holistically [11].
This study has limitations that need to be noted. It is
based on a cross-sectional dataset: health characteristics
have been collected only once. For this reason, we were
not allowed to study the causal relationship between
sociodemographic characteristics and health status and
profiles. Furthermore, much of the information about
health status is self-reported, and cutoff points - chosen
according to the existing literature - did not equate to a
clinical diagnosis. Thus, it would be useful to verify their
veracity with objective measures. Finally, it is important
to remark that Mugello’s nonagenarians are a selected
group of individuals in terms of health and mortality.
Living in a rural area and following a Mediterranean diet
is, for instance, something that affects this selection.
Conclusions
Large samples of nonagenarians, for which much informa-
tion has been collected about their health status, are still
rare to find. Considering health as a multidimensional
concept by identifying health profiles could help to better
evaluate the care needs according to the different health
profiles of each person, even among extremely old individ-
uals [16, 58]. The demographic and socioeconomic gradi-
ent of health resulting from the analysis suggests that
policy makers focus their interventions on specific groups
of individuals at younger ages to prevent an excess of
health care expenditure later on.
Supplementary information
Supplementary information accompanies this paper at https://doi.org/10.
1186/s12877-020-01689-3.
Additional file 1: Table S1. Marginal distribution pre- and post-missing
values imputation of characteristics of the study population. Absolute
values, percentages and differences.
Abbreviations
ADL: Activities of Daily Living; AIC: Akaike’s Information Criterion;
BIC: Bayesian Information Criterion; GDS: Geriatric Depression Scale; ISTA
T: Italian National Institute of Statistics; LCA: Latent Class Analysis;
MCS: Mental Component Summary; MMSE: Mini-Mental State Examination;
OR: Odds Ratio; PCS: Physical Component Summary; SF-12: Short-Form 12;
SRH: Self-Rated Health; WHO: World Health Organization
Acknowledgments
The Mugello Study Working Group also includes: Guglielmo Bonaccorsi,
Roberta Boni, Chiara Castagnoli, Francesca Cecchi, Francesca Cesari,
Francesco Epifani, Roberta Frandi, Betti Giusti, Maria Luisa Eliana Luisi,
Rossella Marcucci, Raffaello Molino-Lova, Anita Paperini, Lorenzo Razzolini,
Francesco Sofi, Nona Turcan, Debora Valecchi.
Authors’ contributions
CS, PP contributed equally to the conception of the study. CL, FV, CM, LP
contributed to data acquisition. CS, PP, VE contributed to the data analysis
and the interpretation of the results. All authors contributed to the drafting
of the study. All authors read and approved the final manuscript. All authors
agreed on both to be personally accountable for the author’s own
contributions and to ensure that questions related to the accuracy or
integrity of any part of the work, even ones in which the author was not
personally involved, are appropriately investigated, resolved, and the
resolution documented in the literature.
Funding
The Mugello Study was partially supported by the Italian Ministry of Health
within the Current Research Program performed at National Research
Institutes (IRCCS). The authors received no financial support for the research,
authorship, and/or publication of this article.
Availability of data and materials
The data that support the findings of this study are available from Mugello
Study but restrictions apply to the availability of these data, which were used
under license for the current study, and so are not publicly available. Data
are however available from the authors upon reasonable request and with
permission of Mugello Study.
Ethics approval and consent to participate
The Mugello Study was conducted according to the Helsinki Declaration on
Clinical Research Involving Human Subjects and was approved by the Don
Carlo Gnocchi Foundation Ethics Committee. Informed written consent was
obtained from all the participants, or their proxies, before their inclusion in
the study. Further details on the survey, including information on the
territory and inhabitants, are available on the web (www.mugellostudy.com).
Consent for publication
Not applicable.
Strozza et al. BMC Geriatrics          (2020) 20:289 Page 9 of 11
Competing interests
The authors declare that they have no competing interests.
Author details
1Interdisciplinary Centre on Population Dynamics, University of Southern
Denmark, J.B. Winsløws Vej 9B, 2nd floor, 5000 Odense C, Denmark.
2Department of Statistical Sciences, Sapienza University of Rome, Viale
Regina Elena 295, 00161 Rome, Italy. 3Fatebenefratelli Foundation for Health
Research and Education, Via della Lungaretta 177, 00153 Rome, Italy.
4Fondazione Policlinico Universitario A. Gemelli IRCCS, Largo Agostino
Gemelli 8, 00136 Rome, Italy. 5IRCCS Fondazione Don Carlo Gnocchi, Via di
Scandicci 269, 50143 Florence, Italy. 6Department of Geriatrics, Neurosciences
and Orthopaedics, Università Cattolica del Sacro Cuore, Largo Francesco Vito
1, 00168 Rome, Italy. 7UOC Neuroriabilitazione ad Alta Intensità, Fondazione
Policlinico Universitario A. Gemelli IRCCS, Largo Agostino Gemelli 8, 00136
Rome, Italy.
Received: 20 December 2019 Accepted: 3 August 2020
References
1. World Health Organization. Global Health and aging. Geneva: U.S. National
Institute of Aging; 2011.
2. Bambra C, Pope D, Swami V, Stanistreet D, Roskam A, Kunst A, et al. Gender,
health inequalities and welfare state regimes: a cross-national study of 13
European countries. J Epidemiol Community Health. 2009;63:38–44.
https://doi.org/10.1136/jech.2007.070292.
3. World Population Prospects - Population Division - United Nations n.d.
https://esa.un.org/unpd/wpp/ (Accessed May 17, 2018).
4. Ministero dell’economia e delle finanze (RGS). Il monitoraggio della spesa
sanitaria. Rapporto n° 6. Roma; 2019. http://www.rgs.mef.gov.it/_Documenti/
VERSIONE-I/Attivit--i/Spesa-soci/Attivit-monitoraggio-RGS/2019/IMDSS-RS201
9.pdf. Accessed 23 Mar 2020.
5. Skirbekk VF, Staudinger UM, Cohen JE. How to measure population aging?
The answer is less than obvious: a review. Gerontology. 2018;1:1–9.
https://doi.org/10.1159/000494025.
6. Nybo H, Gaist D, Jeune B, McGue M, Vaupel JW, Christensen K. Functional
status and self-rated health in 2,262 nonagenarians: the Danish 1905 cohort
survey. J Am Geriatr Soc. 2001;49:601–9. https://doi.org/10.1046/j.1532-5415.
2001.49121.x.
7. Collerton J, Davies K, Jagger C, Kingston A, Bond J, Eccles MP, et al. Health
and disease in 85 year olds: baseline findings from the Newcastle 85+
cohort study. BMJ. 2009;339. https://doi.org/10.1136/bmj.b4904.
8. Rea IM. BELFAST nonagenarians: nature or nurture? Immunological,
cardiovascular and genetic factors. Immun Ageing A. 2010;7:6.
https://doi.org/10.1186/1742-4933-7-6.
9. Nosraty L, Sarkeala T, Hervonen A, Jylhä M. Is there successful aging for
nonagenarians? The vitality 90+ study. J Aging Res. 2012;2012. https://doi.
org/10.1155/2012/868797.
10. Molino-Lova R, Sofi F, Pasquini G, Gori A, Vannetti F, Abbate R, et al. The
Mugello study, a survey of nonagenarians living in Tuscany: design,
methods and participants’ general characteristics. Eur J Intern Med. 2013;24:
745–9. https://doi.org/10.1016/j.ejim.2013.09.008.
11. Lafortune L, Béland F, Bergman H, Ankri J. Health status transitions in
community-living elderly with complex care needs: a latent class approach.
BMC Geriatr. 2009;9. https://doi.org/10.1186/1471-2318-9-6.
12. Ng CWL, Luo N, Heng BH. Health status profiles in community-dwelling
elderly using self-reported health indicators: a latent class analysis. Qual Life
Res. 2014;23:2889–98. https://doi.org/10.1007/s11136-014-0723-7.
13. Liu L-F, Tian W-H, Yao H-P. The heterogeneous health latent classes of elderly
people and their socio-demographic characteristics in Taiwan. Arch Gerontol
Geriatr. 2014;58:205–13. https://doi.org/10.1016/j.archger.2013.11.001.
14. Liu L-F. The health heterogeneity of and health care utilization by the
elderly in Taiwan. Int J Environ Res Public Health. 2014;11:1384–97.
https://doi.org/10.3390/ijerph110201384.
15. Larsen FB, Pedersen MH, Friis K, Glümer C, Lasgaard M. A latent class
analysis of multimorbidity and the relationship to socio-demographic
factors and health-related quality of life. A National Population-Based Study
of 162,283 Danish adults. PLoS One. 2017;12:e0169426. https://doi.org/10.
1371/journal.pone.0169426.
16. Liu L-F, Tian W-H, Yao H-P. Utilization of health care services by elderly
people with National Health Insurance in Taiwan: the heterogeneous health
profile approach. Health Policy. 2012;108:246–55. https://doi.org/10.1016/j.
healthpol.2012.08.022.
17. Zammit AR, Starr JM, Johnson W, Deary IJ. Profiles of physical, emotional
and psychosocial wellbeing in the Lothian birth cohort 1936. BMC Geriatr.
2012;12:64. https://doi.org/10.1186/1471-2318-12-64.
18. Liu L-F, Su P-F. What factors influence healthy aging? A person-centered
approach among older adults in Taiwan. Geriatr Gerontol Int. 2017;17:697–
707. https://doi.org/10.1111/ggi.12774.
19. Whitson HE, Johnson KS, Sloane R, Cigolle CT, Pieper CF, Landerman L, et al.
Identifying patterns of multimorbidity in older Americans: application of latent
class analysis. J Am Geriatr Soc. 2016;64:1668–73. https://doi.org/10.1111/jgs.14201.
20. Veltman EM, Lamers F, Comijs HC, de Waal MWM, Stek ML, van der Mast RC,
et al. Depressive subtypes in an elderly cohort identified using latent class
analysis. J Affect Disord. 2017;218:123–30. https://doi.org/10.1016/j.jad.2017.04.059.
21. Park S, Castaneda-Gameros D, Oh I-H. Latent profile analysis of walking,
sitting, grip strength, and perceived body shape and their association with
mental health in older Korean adults with hypertension: a national
observational study. Medicine (Baltimore). 2019;98:e17287. https://doi.org/10.
1097/MD.0000000000017287.
22. Looman WM, Fabbricotti IN, Blom JW, Jansen APD, Lutomski JE, Metzelthin
SF, et al. The frail older person does not exist: development of frailty profiles
with latent class analysis. BMC Geriatr. 2018;18. https://doi.org/10.1186/
s12877-018-0776-5.
23. Kino S, Bernabé E, Sabbah W. Socioeconomic inequality in clusters of
health-related behaviours in Europe: latent class analysis of a cross-sectional
European survey. BMC Public Health. 2017;17. https://doi.org/10.1186/
s12889-017-4440-3.
24. Alvarez-Galvez J. Multidimensionality of health inequalities: a cross-country
identification of health clusters through multivariate classification
techniques. Int J Environ Res Public Health. 2018;15:1900. https://doi.org/10.
3390/ijerph15091900.
25. Park B, Lee HA, Park H. Use of latent class analysis to identify multimorbidity
patterns and associated factors in Korean adults aged 50 years and older.
PLoS One. 2019;14:e0216259. https://doi.org/10.1371/journal.pone.0216259.
26. Task force COVID-19 del Dipartimento Malattie Infettive e Servizio di
Informatica, Istituto Superiore di Sanità. Epidemia COVID-19, Aggiornamento
nazionale: 30 marzo 2020. Rome; 2020. http://www.carditalia.com/wp-
content/uploads/2020/04/Bollettino-sorveglianza-integrata-COVID-19_30-
marzo-2020.pdf. Accessed 2 Apr 2020.
27. Huisman M, Kunst AE, Mackenbach JP. Socioeconomic inequalities in
morbidity among the elderly; a European overview. Soc Sci Med. 2003;57:
861–73. https://doi.org/10.1016/S0277-9536(02)00454-9.
28. von dem Knesebeck O, Lüschen G, Cockerham WC, Siegrist J.
Socioeconomic status and health among the aged in the United States and
Germany: a comparative cross-sectional study. Soc Sci Med. 2003;57:1643–
52. https://doi.org/10.1016/S0277-9536(03)00020-0.
29. Enroth L, Raitanen J, Hervonen A, Jylha M. Do socioeconomic health
differences persist in nonagenarians? J Gerontol B Psychol Sci Soc Sci. 2013;
68:837–47. https://doi.org/10.1093/geronb/gbt067.
30. Bootsma-van der Wiel A, de Craen AJM, Van Exel E, Macfarlane PW, Gussekloo
J, Westendorp RGJ. Association between chronic diseases and disability in
elderly subjects with low and high income: the Leiden 85-plus study. Eur J Pub
Health. 2005;15:494–7. https://doi.org/10.1093/eurpub/cki015.
31. Padua L, Pasqualetti P, Coraci D, Imbimbo I, Giordani A, Loreti C, et al.
Gender effect on well-being of the oldest old: a survey of nonagenarians
living in Tuscany: the Mugello study. Neurol Sci. 2018;39:509–17. https://doi.
org/10.1007/s10072-017-3223-z.
32. Enroth L, Veenstra M, Aartsen M, Kjær AA, Nilsson CJ, Fors S. Are there
educational disparities in health and functioning among the oldest old?
Evidence from the Nordic countries. Eur J Ageing. 2019;16:415–24.
https://doi.org/10.1007/s10433-019-00517-x.
33. Gellert P, von Berenberg P, Zahn T, Neuwirth J, Kuhlmey A, Dräger D.
Multimorbidity profiles in German centenarians: a latent class analysis of
health insurance data. J Aging Health. 2017;31:580089826431773789.
https://doi.org/10.1177/0898264317737894.
34. Mugello Study n.d. http://www.mugellostudy.com/ (accessed October 23, 2018).
35. Folstein MF, Folstein SE, McHugh PR. “Mini-mental state”: a practical method
for grading the cognitive state of patients for the clinician. J Psychiatr Res.
1975;12:189–98. https://doi.org/10.1016/0022-3956(75)90026-6.
Strozza et al. BMC Geriatrics          (2020) 20:289 Page 10 of 11
36. Folstein M, Anthony JC, Parhad I, Duffy B, Gruenberg EM. The meaning of
cognitive impairment in the elderly. J Am Geriatr Soc. 1985;33:228–35.
https://doi.org/10.1111/j.1532-5415.1985.tb07109.x.
37. Katz S. Studies of illness in the aged: the index of ADL: a standardized
measure of biological and psychosocial function. JAMA. 1963;185:914.
https://doi.org/10.1001/jama.1963.03060120024016.
38. Katz S. Assessing self-maintenance: activities of daily living, mobility,
and instrumental activities of daily living. J Am Geriatr Soc. 1983;31:
721–7.
39. Yesavage JA, Sheikh JI. 9/geriatric depression scale (GDS): recent evidence
and development of a shorter version. Clin Gerontol. 1986;5:165–73.
https://doi.org/10.1300/J018v05n01_09.
40. Lyness JM, Noel TK, Cox C, King DA, Conwell Y, Caine ED. Screening for
depression in elderly primary care patients: a comparison of the Center for
Epidemiologic Studies—Depression Scale and the geriatric depression scale.
Arch Intern Med. 1997;157:449–54. https://doi.org/10.1001/archinte.1997.
00440250107012.
41. Apolone G, Mosconi P, Quattrociocchi L, Gianicolo EAL, Groth N, Ware JEJ.
Questionario sullo stato di salute SF-12. Versione italiana. Milano Ist Ric
Farmacol Mario Negri; 2005.
42. ISTAT - NOMENCLATURA E CLASSIFICAZIONE DELLE UNITÀ PROFESSIONALI
n.d. http://professioni.istat.it/sistemainformativoprofessioni/cp2011/
(accessed October 25, 2018).
43. Dayton CM, Macready GB. Concomitant-variable latent-class models. J Am
Stat Assoc. 1988;83:173–8. https://doi.org/10.2307/2288938.
44. Hagenaars JA, McCutcheon AL. Editors. Applied latent class analysis.
Cambridge. New York: Cambridge University Press; 2002.
45. Bolck A, Croon M, Hagenaars J. Estimating latent structure models with
categorical variables: one-step versus three-step estimators. Polit Anal. 2004;
12:3–27. https://doi.org/10.1093/pan/mph001.
46. Linzer DA, Lewis JB. poLCA: an R package for Polytomous variable latent
class analysis. J Stat Softw. 2011;1:42. https://doi.org/10.18637/jss.v042.i10.
47. Chen J, Shao J. Nearest neighbor imputation for survey data. J Off Stat.
2000;16:113–31.
48. R Core Team. R: the R project for statistical computing; 2017. https://www.r-
project.org/ (Accessed May 16, 2018).
49. Kowarik A, Templ M. Imputation with the R package VIM. J Stat Softw. 2016;
74:1. https://doi.org/10.18637/jss.v074.i07.
50. Golini N, Egidi V. The latent dimensions of poor self-rated health: how
chronic diseases, functional and emotional dimensions interact
influencing self-rated health in Italian elderly. Soc Indic Res. 2016;128:
321–39. https://doi.org/10.1007/s11205-015-1033-3.
51. Hardy SE, Dubin JA, Holford TR, Gill TM. Transitions between states of
disability and Independence among older persons. Am J Epidemiol. 2005;
161:575–84. https://doi.org/10.1093/aje/kwi083.
52. van den Hout A, Matthews FE. Multi-state analysis of cognitive ability data: a
piecewise-constant model and a Weibull model. Stat Med. 2008;27:5440–55.
https://doi.org/10.1002/sim.3360.
53. Strozza C, Zarulli V, Egidi V. Understanding health deterioration and the
dynamic relationship between physical ability and cognition among a
cohort of Danish nonagenarians. J Aging Res. 2020;2020:1–8. https://doi.org/
10.1155/2020/4704305.
54. Kingston A, Davies K, Collerton J, Robinson L, Duncan R, Bond J, et al. The
contribution of diseases to the male-female disability-survival paradox in
the very old: results from the Newcastle 85+ study. PLoS One. 2014;9:1.
https://doi.org/10.1371/journal.pone.0088016.
55. Harrison SL, de Craen AJM, Kerse N, Teh R, Granic A, Davies K, et al.
Predicting risk of cognitive decline in very old adults using three models:
the Framingham stroke risk profile; the cardiovascular risk factors, aging,
and dementia model; and Oxi-inflammatory biomarkers. J Am Geriatr Soc.
2017;65:381–9. https://doi.org/10.1111/jgs.14532.
56. Wickrama K, Mancini JA, Kwag K, Kwon J. Heterogeneity in
multidimensional health trajectories of late old years and
socioeconomic stratification: a latent trajectory class analysis. J
Gerontol B Psychol Sci Soc Sci. 2013;68:290–7. https://doi.org/10.1093/
geronb/gbs111.
57. Read S, Grundy E, Foverskov E. Socio-economic position and subjective
health and well-being among older people in Europe: a systematic narrative
review. Aging Ment Health. 2016;20:529–42. https://doi.org/10.1080/
13607863.2015.1023766.
58. Olshansky SJ, Carnes BA. Ageing and health. Lancet. 2010;375:25.
Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.
Strozza et al. BMC Geriatrics          (2020) 20:289 Page 11 of 11
